Background: Lynch syndrome is a hereditary cancer predisposition syndrome caused by a mutation in one of the DNA mismatch repair (MMR) genes. About 24% of the mutations identified in Lynch syndrome are missense substitutions and the frequency of missense variants in MSH6 is the highest amongst these MMR genes. Because of this high frequency, the genetic testing was not effectively used in MSH6 so far. We, therefore, developed CoDP (Combination of the Different Properties), a bioinformatics tool to predict the impact of missense variants in MSH6. Methods: We integrated the prediction results of three methods, namely MAPP, PolyPhen-2 and SIFT. Two other structural properties, namely solvent accessibility and the change in the number of heavy atoms of amino acids in the MSH6 protein, were further combined explicitly. MSH6 germline missense variants classified by their associated clinical and molecular data were used to fit the parameters for the logistic regression model and to assess the prediction. The performance of CoDP was compared with those of other conventional tools, namely MAPP, SIFT, PolyPhen-2 and PON-MMR. Results: A total of 294 germline missense variants were collected from the variant databases and literature. Of them, 34 variants were available for the parameter training and the prediction performance test. We integrated the prediction results of MAPP, PolyPhen-2 and SIFT, and two other structural properties, namely solvent accessibility and the change in the number of heavy atoms of amino acids in the MSH6 protein, were further combined explicitly. Variants data classified by their associated clinical and molecular data were used to fit the parameters for the logistic regression model and to assess the prediction. The values of the positive predictive value (PPV), the negative predictive value (NPV), sensitivity, specificity and accuracy of the tools were compared on the whole data set.
Background
Lynch syndrome (MIM: #120435, #609310), also known as Hereditary Non-Polyposis Colorectal Cancer (HNPCC), is an autosomal dominant disease and the most common hereditary colorectal cancer syndrome [1] . Lynch syndrome accounts for 1-5% of all colorectal cancer (CRC) patients [2] [3] [4] and associates with germline mutations in one of the DNA mismatch repair (MMR) genes including MLH1, MSH2, MSH6 and PMS2 (MIM: #120436, #609 309, #600678, #600259, respectively). MMR gene mutation carriers are at high risks of developing Lynch syndrome associated cancer at colorectal, endometrial, small bowel, stomach, ovary, ureter and hepatobiliary tract. Individuals at high risks can be identified by the use of genetic testing, and appropriate surveillance programs can be provided to prevent cancer development.
Previous studies reported that more than 90% of the detectable mutations in Lynch syndrome were found in MLH1 and MSH2 [5] . Recent data, however, showed that MSH6 contributed to about 20% of the mutations [6, 7] . In addition, MSH6 shows the greatest frequency (~37 -49%) of missense variants in the MMR genes, and most of them are currently "unclassified variants" (UVs) [6, 8] .
MSH6 mutation carriers tend to develop CRC at the age elder than MLH1 and MSH2 mutation carriers and tend to show reduced penetrance [9] [10] [11] [12] . These tendencies suggest that family cancer history with an MSH6 mutation should not be necessarily dense enough to meet the Amsterdam criteria. Furthermore, colorectal tumor from MSH6 mutation carriers sometimes demonstrates microsatellite instability low (MSI-L) or microsatellite stable (MSS) [13] , or normal staining pattern of immunohistochemistry (IHC) for MMR proteins [11] . It is, therefore, important to analyze and integrate all the available data, and the data derived from the use of in silico tools for the classification of UVs is one of them.
A number of methods to predict the biological effects of missense variants as pathogenic or genetic have been reported. For Lynch syndrome, SIFT [14] , PolyPhen [15, 16] and multivariate analysis of protein polymorphisms (MAPP) [17] have been used in general. Predictions using SIFT is based on sequence conservation, while that of PolyPhen is based on sequence conservation plus protein structural features [14] [15] [16] . These methods aim to predict the pathogenicity of variants for general proteins and hence they were not tuned to the interpretation of the prediction for a specific protein. MAPP uses the evolutionary variations and scales of six physicochemical properties to evaluate the structural and functional impact of all possible variants [17] . MAPP can be customized for a specific protein. It has been optimized to MLH1 and MSH2 and outperformed SIFT and PolyPhen (MAPP-MMR [18] ). This result indicates that the algorithm customized for a specific protein is superior to those applicable to proteins in general. However, the accuracy of prediction by MAPP-MMR is not satisfactory enough for the genetic testing. Hence, improvement in the prediction method is required.
In the field of bioinformatics, especially the field for developing a prediction method out of amino acid sequences, it has been pointed out that the prediction accuracy can be improved by integrating many different prediction methods (e.g. [19] ). Following this idea, the accuracy of the pathogenicity prediction could be improved by integrating a number of existing methods to predict the biological effects of missense variants. In addition, none of the existing methods directly incorporate the information obtained from the MSH6 protein structure. The three-dimensional structure of MSH6-MSH2 complex with ADP and DNA was already solved [20] . The structural data should contain varieties of information, some of which would be useful for the prediction. The easily obtained information related to the mutation effect to the structure includes the solvent accessibility of amino acid residue and the residue volume change. The mutation of amino acid residue at the surface of the protein are tolerant compared with that in the interior of the proteins, and a small volume change in amino acid residues in mutation inside the protein is tolerant compared with a mutation with a big volume change [21] .
We, therefore, optimized MAPP [17] for MSH6 and then integrated SIFT [14] , PolyPhen-2 [15] and two properties from protein structure, namely solvent accessibility and the volume change in amino acid residues. We joined these properties on the logistic regression model and compared the prediction performance with MAPP, SIFT, PolyPhen-2 and PON-MMR [22] . The parameter adjustment was done on the data that we gathered from different databases and literature and associated them with one another for this study. The newly developed method achieved the best prediction accuracy, sensitivity and specificity, and can distinguish pathogenic variants from non-pathogenic variants clearly. We named the method CoDP, Combination of Different Properties on MSH6, and made it available at http:// cib.cf.ocha.ac.jp/CoDP/. nih.gov/pubmed/) to compile unregistered MSH6 missense variants in the databases above. These data were used to assess the in silico pathogenicity prediction. Clinical and molecular data on carriers with missense variants were also collected. The data included the age at the first diagnosis of CRC or endometrial cancer, any affected relatives with Lynch syndrome associated cancer, microsatellite instability (MSI), IHC, segregation study, allele frequency and biochemical functional assay. The biochemical functional assay included the investigations of the following; MMR activity, MSH2 protein interaction, localization, ATP hydrolysis and mismatch recognition. We employed the results of the assay from the literature as is. These clinical and molecular data were used to divide the carriers into one of the following three categories; "likely to be Lynch syndrome (LLS)", "unlikely to be Lynch syndrome (ULS)" and "unclassified." LLS is a carrier with pathogenic variant, and ULS is a carrier with nonpathogenic variant. An "Unclassified" carrier has a variant with unknown clinical significance, which is usually called unclassified variant (UV). The division was carried out based on the criteria shown in Table 1 . When a carrier fulfilled one or more of the criteria for LLS in Table 1 , the carrier was classified as LLS, and when a carrier fulfilled one or more of the criteria for ULS, the carrier was classified as ULS. When the criterion that the carrier fulfilled became important, a sub-numbering system was used, such as LLS-1 for a carrier fulfilling the first criterion of LLS.
Methods

Optimization of MAPP for MSH6
We optimized MAPP [17] to predict pathogenicity of MSH6 missense variants. MAPP requires the appropriate multiple sequence alignment of MSH6 orthologues for evaluating missense variants. MSH6 amino acid sequences were collected from GenBank (http://www.ncbi.nlm.nih. gov/genbank/) using BLAST [23] by the default parameters and human MSH6 as a query sequence. The sequences were also obtained from Ensembl genome database (http://www.ensemblgenomes.org/). The inclusion of both paralogous and orthologous sequences into the multiple sequence alignment for the training of MAPP was known to worsen the performance of the prediction [14, 17] . We, therefore, selected orthologues of human MSH6 sequences based on their domain organization and a phylogenetic tree. There was a wide range of variability in domain structures of the MSH6 proteins, and MSH6 sequences with the same domain organization to human MSH6 are the good candidates of orthologues. Vertebrate MSH6, the close homologues to human MSH6, generally have a PCNA-binding motif [24] , a PWWP domain [25] and an MutS domain [20] (Figure 1 ). These vertebrate MSH6 sequences were aligned together with other MSH6 homologs by T-Coffee alignment tool [26] and a phylogenetic tree was built. This phylogenetic tree was compared with the species tree, and the proteins orthologous to human MSH6 were operationally defined by the sequences with the same domain organization that located around the human MSH6 consistently with the species tree. As a result, the vertebrate sequences were selected as an initial set and a multiple sequence alignment of them was built for MAPP prediction.
We then improved the prediction accuracy by increasing the size of the sequence set. An augmented data set was reported to improve the accuracy of the prediction [18] . The addition of amino acid sequences to the data set was limited to the domain regions, because the interdomain sequences were too diverse to align. Sequences of non-vertebrates were added to the initial sequence set and the prediction accuracy was tested using a receiver operating characteristic (ROC) curve and the area under the curve (AUC).
Structural properties to assess mutations in MSH6
Structural property for amino acid residue substitutions was obtained on the three-dimensional structure of MSH6-MSH2-DNA-ADP complex, registered as 2o8b [20] in Protein Data Bank [27] . The registered structure is void of residues at 551, 652, 942, and 992, and of loops at 720-728, 1099-1104, 1123-1125, 1179-1187 and 1271-1283. These missing structures were complemented using MOE (Chemical Computing Group Inc. Montreal, Canada), molecular structure building software.
Two properties we focused on were relative accessible surface area (accessibility) of each residue and the change of volumes in residues by substitution. The accessible surface area was calculated using a modified method of Shrake and Rupley [28] with water radius of 1.4 Å [29] . The threshold of 0.1 was used to separate the locations of residues into two categories; buried and surface. The relevance of accessibility to the prediction was tested based on the correlation between the accessibility and LLS/ULS. The change of volumes was quantified by the difference of the number of heavy atoms in the side chains. The relevance of this value to the prediction was also tested by the method that was the same as the one used for the accessibility test.
Combining different properties
We used the logistic regression model to integrate the properties. The logistic regression analysis gives the probability (q) of a categorical variable outcome based on one or more predictor variables (X i ). The logistic regression equation is given by: logit(q) = ln [q/(1−q)] = Z + ∑b i X i , where Z is the constant and b 1 , b 2 , …, b n are the partial correlation coefficients for X 1 , X 2 , …, X n . We defined the value q as joint score in CoDP and this score was used for predicting the impact of UVs. The scores of MAPP for MSH6, SIFT, PolyPhen-2 and the appropriate structural properties discussed above were used as predictors X i . Variant sets of LLS and ULS without the biochemical functional assay were used to optimize b i . The applicability of the joint score for prediction was tested on the variants of LLS and ULS with the biochemical functional assay.
Performance test
The capability of predicting the impact of UVs was tested using the variants of LLS and ULS. The prediction performance of the tools, CoDP, MAPP for MSH6, SIFT, PolyPhen-2 and PON-MMR, was compared. The comparison was carried out on prediction score distributions. The positive predictive value (PPV), the negative predictive value (NPV), sensitivity, specificity and accuracy were calculated as follows: PPV = TP / (TP + FP); NPV = TN / (FN+TN); Sensitivity = TP / (TP+FN); Specificity = TN / (FP+TN); Accuracy = (TP+TN) / (TP +TN+FP+FN), where TP is true positive, FP is false positive, TN is true negative and FN is false negative. To classify pathogenic variants, the threshold values 0.05 and 0.446 were used in SIFT [14] and PolyPhen-2 [15] , respectively. The prediction performance was also compared using AUC. The box and whisker plot for each prediction was drawn to clarify the power to distinguish between LLS and ULS variants. Statistical analyses were carried out on PASW Statistics 18.0.0 software program (SPSS Inc., Chicago, IL, USA).
Results and discussion
The dataset of MSH6 germline missense variants A total of 294 germline missense variants were collected from the variant databases and literature (Additional file 1: Table S1 ). Pathogenicity of these variants was determined based on the molecular and clinical data, and the variants were classified into three categories, namely LLS, ULS and UV (Table 1) . Out of these 294 variants data, fifteen were classified as LLS (Tables 2 and 3 ) and nineteen as ULS (Tables 4 and 5 ). Out of fifteen LLS variants, five variants including G566R, R976H, G1139S, S1188N and E1193K showed abnormality in protein function assay (Table 2) . These five variants also showed high level of MSI (MSI-H), and showed loss of MSH6 expression except for G566R variant [12, [30] [31] [32] [33] [34] [35] [36] [37] [38] . Hence, these five variants were LLS-1 and/or LLS-2. Out of the remaining ten LLS variants (=15-5), L449P, P591S, G670G, R772W, Y969C, G1069E and A1236P variants had MSI-H and loss of MSH6 expression like the ones in Table 2 , but these variants fulfilled the clinical criteria, such as family cancer history and probands' tumor features [39] [40] [41] [42] [43] [44] [45] [46] , and hence these seven variants were LLS-2 and/or LLS-3 ( Table 3 ). The remaining three LLS variants (=15-5-7), namely C559Y, P623L and R1076C, were LLS-3 [31, 44, 47, 48] (Table 3) . Out of nineteen ULS variants, four variants including R128L, S144I, L396V and K728T showed normal function in protein function assay and normal staining pattern in IHC, hence fulfilled definition ULS-2 [30] [31] [32] 34, 49, 50] (Table 4 ). In addition, L396V was polymorphism and also fulfilled definition ULS-1. Out of the remaining fifteen ULS variants (=19-4), K13T, G54A, S56L, R468H, S503C, R635G and I1054F variants demonstrated MSS and showed normal expression of MSH6 [34, 49, 51, 52] , hence these seven variants possessed normal MMR activity and fulfilled definition ULS-3 ( Table 5 ). The remaining eight (=19-4-7) ULS variants, namely A25V, G39E, C196F, I886V, E1163V, E1196K, E1234Q and E1304K were polymorphism and fulfilled definition ULS-1 (Table 5) .
In total, 34 variants in Tables 2, 3 , 4 and 5 were available for prediction assessment, and the remaining 260 variants, which were UVs, were the targets to predict whether each of them was either LLS or ULS. In the following analyses, we used the data in Tables 3 and 5 as a parameter training data set, and the data in Tables 2 and 4 as a prediction test data set. All 34 variants data was referred to as the whole data set. And we applied the prediction to UV dataset at the end. 
Optimization of MAPP for MSH6
The sequence data set for the multiple alignments
From GenBank and Ensembl, 126 sequences of MSH6 orthologues were selected (Additional file 2: Table S2 [25] and an MutS domain (amino acid 362-1355) [20] ( Figure 1 ). These sequences were a set of initial sequences for a multiple sequence alignment. We then added the amino acid sequences of the PCNAbinding motif and of the PWWP domain of 91 nonvertebrate MSH6 to the initial set, and found that the prediction performance was improved. The procedure of adding more amino acid sequences of MutS domain was, however, not straightforward. Three different sets of sequences were made from the non-vertebrate MutS domain. The first set contained the entire non-vertebrate MutS domain (91 sequences). The second set contained MutS domains derived from the sequences that were comprised of both the MutS and PWWP domains (5 sequences). The third set contained MutS domains derived from the sequences that were comprised of both the MutS domain and PCNA-binding motif (58 sequences). A multiple sequence alignment was built with initial sequences plus each of the described sequence sets, and the performance of prediction was tested on the whole data set using an ROC curve. The AUC of the first set was 0.767, that of the second set was 0.689 and that of the third set was 0.811. It turned out that the initial set plus the third set, namely sequences of both MutS domain and PCNA-binding motif, performed best and this set was used hereafter.
Normalization of the impact score
MAPP determines the pathogenicity of missense variants by an index known as impact score. The threshold of the impact score is required to determine whether the variant is pathogenic or not. The impact score basically depends on the degree of conservation of amino acid types in the alignment position [17] . Therefore, the threshold of the impact score in different domains of MSH6 likely varies. Indeed, the optimum threshold for the initial sequence set was 8.5 , that for the PCNA-binding motif was 4.1, that for the PWWP domain was 5.0 and that for the MutS domain was 4.1. The different threshold values of the different domains in the same sequence could cause confusion. We, therefore, normalized the impact scores so as to make the threshold value 1.0 throughout the sequence.
The prediction performance of MAPP for MSH6
This type of prediction method should ideally distinguish disease-causing variants from benign variants [53] . The distributions of the score of MAPP for MSH6 between LLS and ULS variants in the whole data set were significantly different. The average for LLS and ULS was 2.673 and 0.851, respectively (Student's t-test: p < .001) and median for LLS and ULS was 2.099 and 0.770, respectively (Mann-Whitney U test: p < .001). The capability of this tool is, therefore, reasonably sufficient to distinguish pathogenic variants from non-pathogenic variants.
Development of CoDP
The prediction performance of SIFT and PolyPhen-2
We examined the prediction performance of both SIFT and PolyPhen-2 on the whole data set. PolyPhen-2 calculates values of both HumDiv and HumVar. HumDiv is used for diagnosis of Mendelian disease, and HumVar is used for the evaluation of rare alleles potentially involved in complex phenotypes [15] . Both SIFT and PolyPhen-2 clearly distinguished the median for LLS variants and that for ULS variants (Mann-Whitney U test: HumVar p < .001, HumDiv p < .001, SIFT p < .001).
Correlation between the structural properties of the MSH6 protein and LLS/ULS
The correlation between solvent accessibility of substituted amino acid and LLS/ULS was found to be statistically significant. The average of the solvent accessibility of the substituted amino acid residues in LLS and in ULS variants were 0.141 and 0.589, respectively (Student's t-test: p < .001) and the median of the solvent accessibility of the residues in LLS and ULS variants were 0.087 and 0.583, respectively (Mann-Whitney U test: p < .005). The amino acid residues substituted in LLS tend to have smaller accessibility than those in ULS variants. Similarly, the correlation between the changes in the number of heavy atoms in the side chains of the substituted residues in LLS/ULS variants was also significant ( Figure 2 ). Minor change in the number of heavy atoms in the side chains was often observed in ULS. These significant differences in the two properties evidently have a potential to be used as predictors for pathogenicity of MSH6 variants. When these two properties alone were applied to the whole data set, eleven out of 15 LLS variants and 17 out of 19 ULS variants were correctly distinguished, which is equivalent to 82.4% accuracy, using the most appropriate threshold. It is surprising to find that this simple and explicit usage of protein three-dimensional structure data had a classification power comparable to the power of SIFT and PolyPhen2.
Combining different properties by logistic regression model
To further improve the prediction accuracy, we combined different prediction methods above on the logistic regression equation and the weight for each method was optimized using the training data set. The logistic regression equation for joint score q was obtained as: The significance level is less than 1% and hence this model seems to be useful for the prediction. In the equation above, we omitted PolyPhen-2 HumDiv, because HumDiv had low accuracy, as will be explained below.
We calculated both AUC and the cut-off value of joint score q. AUC was 0.954 and the cut-off value was 0.56. Based on these values, we considered that the variants with the joint score q = 0.56 or less has minor impact on the function of the MSH6 protein, and hence the variants were likely to be non-pathogenic variants. The variants with the joint score q more than 0.56 were, therefore, likely to be pathogenic. More specifically, the variants with the joint score q more than 0.65 likely have the function impaired. And the variants with the joint score q between 0.56 and 0.65 likely have moderate impact on function. We applied this prediction procedure to the test data set, namely the variants with the biochemical functional assay (Tables 2 and 4) , and found that the procedure predicted those variants correctly (LLS: 5/5 variants, ULS: 4/4 variants). Of the five LLS variants, four variants, namely G566R, G1139K, S1188N and E1193K, were in the category of "impaired function. "
Comparison of prediction performance
The performance of CoDP was first compared with those of other conventional tools, namely MAPP, SIFT, PolyPhen-2 and PON-MMR on the whole data set. The values of PPV, NPV, sensitivity, specificity and accuracy were compared ( When the performances of the tools were compared on the test data set alone, only CoDP predicted all test variants correctly. The values of PPV, NPV, sensitivity, specificity and accuracy of the tools in the test data set were shown in Table 7 (MAPP LLS: The power to distinguish between LLS and ULS of these methods on the test data set was p < 1.5 × 10 -2 for CoDP, p < 1.9 × 10 -1 for MAPP, p < 6.5 × 10 -2 for SIFT and p < 1.5 × 10 -2 for PolyPhen-2 HumVar. The box and whisker plot that visualized the distribution of the scores were shown in Additional file 3: Figure S1 .
The small size of the test data set may raise doubts on the superiority of CoDP. To overcome the paucity of the test sample, we also employed a leave-one-out jackknife method and evaluated the performance of the tools. CoDP predicted 85.3% (29/34, LLS 93.3%, 14/15, ULS 78.9%, 15/ 19) of the variants correctly and the performance was still better than SIFT and PolyPhen-2 HumVar (Table 6 ). Here, we did not compared the performance of CoDP and MAPP for MSH6, because of the fact that MAPP is based on the information retrieved from the homologous sequences and hence it was difficult to leave the information of the target sequence out of the training set.
Predicting UVs by CoDP
We now used CoDP to interpret 260 germline missense variants, which were classified as UVs. Of 260 UVs, 84 variants (32.3%) were predicted as pathogenic variants, and 176 variants (67.7%) as non-pathogenic variants, hence about one third of the UVs detected in MSH6 were predicted as pathogenic variants. Of these putative 84 pathogenic variants, three variants were predicted to have the moderate impact on the protein (0.56 < joint score q ≤ 0.65), and the 81 variants were predicted to have impaired function (joint score q > 0.65) ( Table 8 ).
The higher joint scores of CoDP tend to derive from the mutations in the conserved domain, namely in the MutS domain. This tendency suggests that missense mutations in the domain should have considerable influence on protein function. The MutS domain in MSH6 forms a heterodimer with MSH2 and participates in the early recognition of mismatches and small insertion/deletion loops of DNA [54, 55] . For instance, the E1193K variant, classified as LLS, is located in the MutS domain V region (Figure 1 ). The MutS domain V region is the highly conserved region in MutS homologues [20] . This variant showed remarkable impairment of function, such as the loss of heterodimerization with MSH2 and MMR activity [31] . CoDP gave the joint score q = 0.813 to E1193K variant, indicating that the variant likely has significant damage to the structure of MSH6, which may impair the function of the protein.
Conclusion
In this study, we built CoDP, the new prediction tool to assess the MSH6 missense variants. The novelty of CoDP lies in the direct incorporation of protein three-dimensional structure information and the introduction of the logistic regression model for combining the different prediction methods. The former feature was found to have unexpectedly high performance in LLS/ULS classification, and the latter procedure can be interpreted as an introduction of a simple neural network model for combining outputs from different prediction schemes. These new features enabled CoDP to achieve better performance for the classification of the MSH6 variants. The better performance was also sustained by the manually curated dataset of MSH6 variants presented in Tables 2, 3 , 4, 5, and 6.
For adjusting the parameters, we carefully categorized MSH6 germline missense variants into LLS and ULS. In the current dataset, only 34 out of 294 variants could be categorized into LLS and ULS. This was due to the paucity of both biochemical functional assay data and clinical and molecular data that are linked to the variants of MSH6 on the databases. This data paucity makes the present CoDP not be clinically applicable. However, current form of CoDP has better utility for supporting a risk estimation of UVs in MSH6, as SIFT or PolyPhen-2 does to other proteins. In the future when more associated data would be obtained, the appropriate parameters would be set, and the accuracy of CoDP would be further improved.
Additional files
Additional file 1: Table S1 . MSH6 missense variants data used for parameter fitting. The file can be read by standard TIF viewer, such as Preview on Mac OS X.
Additional file 2: Table S2 . A list of amino acid sequences used for the multiple sequence alignment of MSH6. The file can be read by standard TIF viewer, such as Preview on Mac OS X.
Additional file 3: Figure S1 . Box and whisker plots for the score distribution of in silico tools evaluated on the test set. The top and the bottom of the box are the 75th and 25th percentile, respectively, and the white line in the box is the median. The distributions of LLS and ULS are divided clearly. The file can be read by standard TIF viewer, such as Preview on Mac OS X. 
